The study analyzed the Granger-causal (a) in 1990-1991, in the time scale of 12~16 months, (b) in 1997 -1998 in the time scale of 10~16 months, (c) in 2001-2003, in time scale of 9~15 months, and (d) 
INTRODUCTION
In the economic system the traders are categorizes according to their characteristic time horizons or dealing frequencies, following upon the heterogeneous market hypothesis. To this end, study focus on the Granger-causality analysis in time-frequency framework between the variables of our interest by utilizing the continuous wavelet approach. This is because the market participants
[1] differ in various aspects such as in their beliefs, their expectations, informational sets, risk profiles, and so on and so forth. As the market operates with different dealing frequencies (i.e., because of the presence of market heterogeneity) market responds differently at the same time for same news in the market. Further, each market component has varying reaction time to the news related to its time-frequency horizons (Dacorogna et al., 2001 ).
The Granger-causality between exchange rate and oil price has been widely debated and comprehensively studied topic in the literature but results are inconclusive so far because of the type of exchange rate (i.e., real or real effective exchange rate) used, econometric method employed, period and country studied. Sadorsky (2000) and Zhang and Wei (2010) , among others, argue that movements in the exchange rates may Granger-cause the change of the crude oil price and contribute to the oil price movements, whereas Chaudhuri and Daniel (1998) , Bénassy-Quéré et al. (2007) , Chen and Chen (2007) , Coudert et al. (2008) , Lizardo and Mollick (2010) have provided an empirical evidence that oil price Granger-cause exchange rate.
There are outstanding studies which suggest that oil price should not be studied as a gross variable as a lot of information content is lost by doing so. Various approaches have been used by researchers to overcome such issues for example, Mork (1989) decomposition of the oil price into two components, increase and decrease, Lee et al. (1995) "surprise effect" measure, and Kilian (2006) decomposition of the oil price shocks into 3 shocks such as:-supply shocks, aggregate demand shocks (that also affect other commodities) and oil specific demand shocks (that only affect the oil demand). These "transformations" of the oil price, proves that the oil price should not be studied as an aggregate series.
Despite the precious information the aforesaid transformation yield, they do not address an essential characteristic of the oil price i.e., they fail to deal with the heterogeneity market hypothesis. Furthermore, most of studies have used one-shot measure of Granger-causality and/or Fourier transformed series and/or spectral approach (when frequency domain is analyzed) and if any wavelet is used, discrete wavelet approach is utilized in those studies [2] . Whereas this paper aims to analyze the Granger-causality between the return series of oil price and exchange rate in the framework of continuous wavelets (please refer to section 2.2 for advances of this approach over the discrete wavelet approach), which is able to detect the possible nonlinearities and complexities of such markets with reference to time. This is the first attempt for Malaysian economy to the best of our knowledge. This paper models the relationship between the return series of oil price and real effective exchange rate of Malaysia by using continuous wavelet approach. The results show the varying causal and reverse causal relationship between oil price and exchange rate across time and frequencies. Both cyclical and anti-cyclical relationship between oil price and exchange rate are found however, throughout the study period for higher time scale i.e., during study period and in 60~64 months scale, variables were in phase and ROP was lagging (that is ROP was lagging and receiving cyclical effects of REER shocks).
The study differs from the earlier works in many ways. Previous studies used Granger (1969) based linear Granger-causality methodology (those were based on time domain approach) to test the causal relationship between exchange rate and oil price. Normally used Granger causality tests, are based on unable to take in to account cyclical and anti-cyclical relationship between variables whereas approach used in the present study is useful to answer this question. Hence, we extend previous studies by testing the causality with wavelet approach. To analyse non-liner Grangercausal relationship some studies have used short-term Fourier, spectral or discrete wavelet based approaches so that causality can be evaluated in various frequency levels. However, in all the three approaches time content is lost. Therefore, even if we are able to analyse the Granger-causal relationship at various frequencies we are unable to identify in which year (or during which period) Granger-causal relationship was in existence and in which year (during which period) there was no Granger-causality. To this direction continuous wavelet has advantages. With this approach we are able to detect the Granger-causality between test variables and also able to keep time dimension of the data. Thus, we are able to capture both the time and frequency aspect in our analysis i.e., we are able to identify business cycle, their duration and also when they were detected and what was their strength. These are the major contribution of the study.
The remainder of the paper is organised as follows. Section 2 provides information about data and wavelet methodology used in the paper. In Section 3, the results of the analysis are discussed.
Section 5 concludes.
DATA AND METHODOLOGY

Data
For the empirical estimation monthly data over the period 1986:01 to 2009:03 was collected in order to have enough observations. Exchange rate is measured by real effective exchange rate 
Methodology
The wavelet transform stretched and translates a time series with a flexible resolution in both frequency and time. The process is explained in very brief as follows:
Say, for example, the Morlet wavelet equation for a time series at time and scale with uniform time steps, in the continuous wavelet transform (CWT) ( ) can be rewritten in the following expression:
Where, the wavelet power | ( )| is defined as the local phase. The edge effects are introduced by the Cone of Influence (COI). We followed the Monte-Carlo simulation process following the work of Torrence and Compo (1998) and computed the wavelet power spectrum 1 cross wavelet transform (XWT), wavelet coherency (WTC) and phase-differences following the work of Grinsted et al. (2004) .
The two financial time series such as the change in real exchange rate and the change in real oil price, and , with the wavelet transformation and , the cross wavelet transform (XWT) is defined as , where and are the wavelet transforms of and , respectively, denoting complex conjugation. Using the similar description of the XWT, the Wavelet Coherence (WTC) (Torrence and Webster, 1999) between the change in real exchange rate and the change in real oil price of two time series can be defined as:
where, is considered as a smoothing operator. In equation 2, the numerator is the absolute value squared of the smoothed cross-wavelet spectrum and denominator represents the smoothed wavelet power spectra (Torrence and Webster, 1999) . The value of the wavelet squared coherency ( ) gives a quantity between 0 and unity. This present study will focus on the Wavelet Coherency, instead of the Wavelet Cross Spectrum pursuing the application by Aguiar-Conraria and Soares (2011).
DATA ANALYSIS AND EMPIRICAL FINDINGS
Before, we move for estimation both series are transformed to their natural logarithms. Time series plot of both the series (in log-level and log-first difference form) are presented in Figure 1 .
We presented the descriptive statistics of monthly oil and real effective exchange rate, measured in log level as well as in returns in Table 1 . The sample means of exchange rate (in level) and oil price (in first difference) is positive whereas the sample mean of oil price (in level) and exchange rate (in first difference) is negative. The measure of skewness indicates that in level form both series are positively skewed whereas return series are negatively skewed. The return series (and also level series of oil prices) have demonstrated excess kurtosis which indicates that distributions of those series are leptokurtic relative to a normal distribution. The Jarque-Bera normality test rejects normality of all series, at any level of statistical significance. In the next step stationary property of the data series of all test variables has been tested through ADF and PP test [4] . We find that both variables are non-stationary in the log level form while they are stationary at their first differenced form. Therefore, for further analysis we transformed our series into first difference from hence,
( ) where v is equal to 1 and 2 for real and complex wavelets respectively.
both the series represents the monthly returns:-which were calculated as the differences of the two variables natural logarithms of successive months. Firstly, in Fig. 2 we present results of continuous wavelet power spectrum of both real effective exchange rate (in the top) and real oil price (in the bottom).
Figure-2. The continuous wavelet power spectrum of DlnREER and DlnROP
Note: The thick black contour designates the 5% significance level against red noise and the cone of influence (COI) where edge effects might distort the picture is shown as a lighter shade. The color code for power ranges from blue (low power) to red (high power). Y-axis measures frequencies or scale and X-axis represent the time period studied. price and exchange rate is also observed in the post 2002 however, the wavelet power is not so high. Noteworthy to mention that the portrayed patterns depicting the similarity between the time series in these periods is vague and it may be just a coincidence. Thus we analyzed the cross wavelet transform in order to get more insights. The results obtained through cross wavelet analysis are presented in Fig.3 .
Figure-3. Cross wavelet transform of the DlnREER and DlnROP time series
Note: The thick black contour designates the 5% significance level against red noise which estimated from Monte Carlo simulations using phase randomized surrogate series. The cone of influence, which indicates the region affected by edge effects, is shown with a lighter shade black line. The color code for power ranges from blue (low power) to red (high power). The phase difference between the two series is indicated by arrows. Arrows pointing to the right mean that the variables are in phase. To the right and up, with real oil price (ROP) is leading. To the right and down, with ROP is lagging. Arrows pointing to the left mean that the variables are out of phase. To the left and up, with ROP is lagging. To the left and down, with ROP is leading. In phase indicate that variables will be having cyclical effect on each other and out of phase or anti-phase shows that variable will be having anti-cyclical effect on each other.
We find from the close observation of Fig Finally, we relied on the wavelet coherency as the wavelet cross-spectrum (i.e., cross wavelet)
does not normalizes the single wavelet power spectrum and thus results obtained can be misleading whereas the wavelet coherency is used to identify both frequency bands and time intervals within which pairs of indices are co-varying. In Fig. 4 we present results obtained from the cross-wavelet coherency analysis.
Figure-4. Cross-wavelet coherency or squared wavelet coherence between DlnREER and DlnROP
Note: The thick black contour designates the 5% significance level against red noise which is estimated from Monte Carlo simulations using phase randomized surrogate series. The cone of influence, which indicates the region affected by edge effects, is also shown with a light black line. The color code for coherency ranges from blue (low coherency-close to zero) to red (high coherency-close to one). The phase difference between the two series is indicated by arrows. Arrows pointing to the right mean that the variables are in phase. To the right and up, with ROP is leading. To the right and down, with ROP is lagging. Arrows pointing to the left mean that the variables are out of phase. To the left and up, with ROP is lagging. To the left and down, with ROP is leading. In phase indicate that variables will be having cyclical effect on each other and out of phase or anti-phase shows that variable will be having ant-cyclical effect on each other.
The squared WTC of return series of real oil price and real exchange rate is shown in Fig.4 . If we compare results of WTC and XWT i.e., if we compare Fig.3 and 
CONCLUSIONS
The study analyzed Granger-causality in the wavelet transform framework between the return series of real oil price (ROP) and real effective exchange rate (REER) for Malaysia. The ADF and PP unit root tests show that that both variables are nonstationary in log level form and stationary in log first difference form. The continuous power spectrum figure 32~48 months scales, variable were in phase and ROP was lagging and throughout the study period, in 60~64 months scale, variables were in phase ROP was leading. Hence, we find for the Malaysian economy that there is varying nature of causal and reverse causal relations between oil price and real exchange rate vary across time and frequencies. There are evidence of both cyclical and anti-cyclical relationship between oil price and exchange rate however, for throughout the period and for higher scales real exchange rate was lagging and receiving cyclical effects emanating from real oil price shocks.
These findings have commanding implications for government policy making and monetary authority of Malaysia. These findings will also guard traders for effectively management of risk.
Further, as a major player on the global stage, performance of the Malaysian economy depends on the consumption of oil. Oil is a major factor of production and when prices are non-sticky, oil price shocks can lead to reduced output, increased inflation, and real exchange rate depreciation.
However, the deepness of negative consequences of oil shocks such as output losses, inflation etc., will depend on the sensitivity of the consumer durables (where oil is a factor of production) to the oil prices.
For the fundamentalists e.g. fund-managers and institutional investors, for time horizons more than 32 months, strong bidirectional causal relationships between ROP and REER are found.
The present study can be extended by analyzing the multivariate wavelet based approach which might include different interest rates, money supply inflation, and stock market return as other explanatory variables.
FOOTNOTES
